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Abstract  
Capacity drop has been well known in the previous decades but not that well modeled. The point of this paper is to produce a 
new microscopic model that could be suitable for the study of capacity drop, and to examine the simulation results all along 
diverse parameters sets. It provides interesting information about the impact of time reaction, bounded acceleration and minimal 
equilibrium headway on the traffic congestion and capacity drop.  
Keywords: capacity drop, microscopic, trajectories, modeling, minimal headway, bounded acceleration, reaction time 
1. Introduction 
This paper addresses the analysis of the capacity drop phenomena. In the Highway Capacity Manual (HCM 
1985), the highway capacity is defined as the maximum achievable flow rate under repeatable conditions; which is 
close to the maximum achievable flow at traffic equilibrium. This means that the capacity is only a function of the 
characteristics at the location. Empirical macroscopic observations indicate the existence of a critical density such as 
the equilibrium flow is maximal. One would name it the “capacity flow”. Under the critical density, the flow is quite 
proportional to the density. Once the density exceeds the critical density the capacity flow is surprisingly not 
reachable anymore. The density has to fall down under the critical value and then to re-increase to the critical value 
to recover a capacity flow: there is an hysteretic relation between density (headway in a microscopic scale) and flow 
(velocity) in the description of traffic dynamics.  
This phenomenon is known as capacity drop. The objective is to analyze this phenomena using real data 
measurement and to develop a microscopic model that reproduces this capacity drop and then to identify the main 
origins of this phenomenon. 
If this phenomenon has been well-known for the last thirty years, it has not been sharply modeled and so its 
origins are not precisely identified. However, lane changes, bounded acceleration of vehicles, and the reaction time 
for drivers seem to be factors contributing to it according to several authors. However, a few models have interesting 
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properties about hysteresis phenomena from the driver’s point of view (Zhang et al., 2005, Sugiyama et al., 1997, 
Bando et al., 1995, 1998).  
The paper is organized as follows: the first section is dedicated to a state of the art in order to have a good idea of 
the principles applied in traffic modeling. The second section is dedicated to the analysis of NGSIM databases in 
order to detect patterns or empirical observations about trajectories evolutions. The third section addresses the 
improvement of microscopic Bando-like model. The last section is dedicated to the discussion of the simulation 
results and the conclusion.  
2. Brief review of microscopic modeling 
The main objective of this section is to analyze the microscopic traffic modeling evolution in order to investigate 
the different used approaches of vehicular traffic modeling and point out the sensitive modeling parameters.  
The field of study for road traffic dynamics was completely new in the 30’s, when Greenshields (1935) made the 
first studies about traffic vehicles. Since the 50’s, the field is becoming more and more important, for a very simple 
reason: As the number of vehicles has increased until the network is congested, it has become quite necessary to 
understand the underlying dynamics and to develop a mathematic traffic model. Nowadays, the danger of vehicles 
pollutants emissions is a new topic of interest for traffic modeling, as well as the cost of congestions increasing with 
the number of vehicles on the roads, due to the limitation of the construction of the new infrastructure.  
As in fluid dynamics, two main approaches have been considered by the researchers, the macroscopic one to 
describe the evolution of a network, and the microscopic one, which main target is to explain time-space individual 
driver behaviors considering the interactions between a driver and its neighborhood. Most of the microscopic 
models are nevertheless car following models, essentially modeling the evolution of a follower in reaction to its 
leader trajectory.  
Among the car-following models, it is possible to distinguish three kinds of models: safe-distance models, 
stimulus-response models, and psycho spacing models (Brackstone, Mc Donald, 1999). 
For the safe-distance models, the principle is to know at every moment which distance keeps a follower safe 
considering that the leader might have a completely unexpected behavior. Although the model is static and only 
gives information about steady state traffic, it remains pretty interesting because the safe distance respect is one of 
the main points in the drivers’ formation program. Besides, it gives pretty good results considering the simplicity of 
the model.  
The stimulus-response models are more interesting for several reasons. The notion of sensitivity is introduced in 
traffic theory, but more important, the first delayed model appears in 1958 by Chandler, generalized in the following 
form: 
 
 
The delay is quite an obligatory a feature for a serious microscopic model because the main difficulty in 
vehicular traffic modeling is certainly the human factor, and the time reaction is part of it.  
The psycho-distance models are based on the danger notion: 
x For large inter-vehicles distances the driver is not influenced by its neighborhood and the velocity differences. 
x There is a distance-threshold such as the danger is perceived. Under this distance, the driver decelerates until he 
does not perceive the relative velocity to the leader anymore. 
This kind of models is interesting for two reasons: first of all, it defines two traffic phases: the free phase and the 
interaction/forced phase, and then it describes that drivers are often looking for a steady state while driving in 
interaction with other drivers. 
Another model that is really interesting is the Optimal Velocity Model developed by Bando et al. (1995, 1998). 
The principle is to explicit an Optimal Velocity Function that gives the targeted equilibrium velocity for a driver in 
function of the net headway. In the first version (Bando et al., 1995), the acceleration is a function of the difference 
between the current speed and the equilibrium speed given by the optimal velocity function, and should allow to 
keep a reasonable velocity at any time. The second version (Bando et al., 1998) includes a reaction time  as a delay 
for the acceleration. 
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An interesting remark about microscopic models is that they often produce a symmetric behavior in acceleration 
and deceleration. In the reality, breaking amplitude is much stronger than acceleration amplitude. One can find this 
kind of ideas in Lebacque (2002).  
One finds in (Laval, 2011, Laval, Leclercq 2011) (i) a new methodology to extract flow-density diagrams from 
trajectories data along shockwaves in order to capture more stationary phenomena, and (ii) a theory on stop and go 
waves based on interactions between aggressive and timid drivers in the sense of Newell. We did not consider these 
findings because (i) the point is to focus the study on operational data, so we kept the original loop detector 
methodology, and (ii) because all drivers are considered strictly identical in the simulations. 
3. Microscopic measurements using NGSIM database 
Even though the driving task is complex and requires much information, several behaviors and reactions appear 
to be generalizable. For example, it is reasonable to estimate that the behavior of driver directly depends on its 
immediate neighborhood. One observes a large tendency for drivers to regulate the velocity with respect to the inter-
vehicular distances and relative velocities.  
The existence of a strictly positive reaction time is certainly one of the most important properties of the drivers’ 
reactions. The reaction time is defined in the literature as the time gap between the perception of an event and the 
instant the pedal is actually pushed (Orosz et al., 2010). Measurements of this reaction time were made in the past, 
but the results are not so interesting because drivers are also able to anticipate a reaction by watching a few vehicles 
further.  
There exists an average density of vehicles on a lane for which the flux of vehicles reaches its maximum. If this 
density is exceeded, “capacity drop” happens: if the vehicles density is too high, congestion appears, and one cannot 
reach the maximum flux for the considered road section anymore until the congestion disappears. The loss in flux is 
between 5 and 20% according to diverse measurements (Chung et al., 2007). 
The first step of this work was to analyze the NGSIM database in order to get several ideas and facts about 
drivers’ behaviors on a congested freeway (NGSIM). A dataset essentially includes trajectories data during 45 
minutes. The used dataset is the dataset US 101. It represents travel on the southbound direction of U.S. Highway 
101 (Hollywood freeway) in Los Angeles, California. The site is approximately 2100 feet in length, with five 
mainline lanes throughout the section. An auxiliary lane is present through a portion of the corridor between the 
onramp at Ventura Boulevard and the off-ramp at Cahuenga Boulevard. Trajectories are discretized with a 0.1 
second step. As capacity drop occurs during or after congestion, the data analysis was focused on small velocities 
and small headways.  
 
Figure 1 Net  headways (f) repartition when a vehicles stops (in blue) and then restarts (in red) versus vehicles on a 1712 vehicles sample which 
stopped 0.5s or more sample 
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Figure 1. depicts the repartition of headways for every vehicle of the database in the situation of stopping 0.5s or 
more and restarting. Two remarks can be drawn: 1) vehicles have often a larger headway when they restart than 
when they stopped: the leader is able to drive on a few meters before the follower restarts. 2) there is a larger 
scattering of data for the restart headways than for the stop headways. This seems to show that drivers’ behaviors are 
quite common in case of emergency situation. On the other hand, a restart is rarely an emergency situation and 
drivers seem to be less focused on their driving task once they stopped. 
 
 
Figure 2 Velocity(m/s) function of net headway(m) all along a vehicle trajectory from 7,6m/s to 0 to 7,6m/s 
Figure 2 shows the evolution of the velocity adopted by a vehicle in function of its net headway. Arrows indicate 
the temporal evolution. One can note that the dynamic relation velocity-headway is not bijective. For a same 
headway, the velocity is superior in deceleration phase than in acceleration phase.  
The figure concerns a particular vehicle, but this general pattern has been observed many times. This particular 
vehicle has a 2.5m headway when it stops and a 10m headway when he restarts, which makes the link with fig1. 
The interesting fact is indeed that the right part of the diagram is close to be a translation of the left part with 
something like a 10m shift. One can assume that the driver would be likely to drive faster, but is limited because the 
acceleration of its vehicle is bounded, and so it takes a few seconds to reach the equilibrium velocity. The reaction 
time to restart (fig.3) is also part of this phenomenon. 
In our mind, Figure 2 suggests that considering its headway, a driver knows which velocity he is trying to reach 
to drive the fastest possible keeping safe conditions. We assume the existence of an optimal velocity function for 
every driver. The point is to determine if this function is close to the upper branch, the lower branch, or between the 
two branches on Figure 2.  
 
Figure 3 Time shift between the leader restart and the follower restart(1/10s) versus vehicles on a 1712 vehicles which stopped 0.5s or more 
sample 
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Figure 3 gives a quantitative estimation of the reaction time for a follower reacting to its leader restart. One can 
clearly distinguish there exists a category of drivers who are able to anticipate because a reaction time smaller than 
0,2s is not considered to be normal for a human driver. The problem concerning the measurement of reaction time is 
given in Daganzo (1999), where the driver on the passing lane is defined as a “motivated” driver, in opposition of 
the driver that remains on the shoulder lane. The motivated driver is ready to accept smaller time headways, close to 
1s. As accidents do not occur, time reactions are certainly not constant, even for a same driver in different situations.  
4. An improved Bando OVF model 
4.1. Properties of the model 
As an interesting model is able to reproduce the most traffic features as possible, we should list what we 
identified as a driving rule in the order of priority: 
x Each driver desires its travel to be the less expensive possible. If the duration of the travel is part of the travel 
cost, it is obvious that a collision is much more expensive than losing 30 minutes in congestion. Each driver’s 
objective is to have the shortest travel possible, while assuring at any time his safety.  
x According to the last point, we will assume that there exists for each driver a function called Optimal Velocity 
Function such as a driver knows at any time which is the maximal speed he might reach while keeping its travel 
safe. We assume that this function is simply a function of the net headway. The Y-term compares the optimal 
velocity to the current velocity to give part of the needed acceleration. 
x Each action is the consequence of traffic conditions evolution, and is delayed by a reaction time. At every 
moment, a driver watches, then analyses, decides, and corrects its acceleration after a reaction time. 
x Generally drivers anticipate breaking when there is an obstacle on the way. This idea is developed in [Yeo2009], 
where the authors show that part of hysteretic phenomena was linked with human errors, i.e. anticipation and 
overreaction. This is the interest of the Z-term. 
x One can drive at the speed limit if there is no leader, and we should not drive faster than the speed limit even if 
the leader is doing so.  
x Vehicles are limited by Newtonian physics: the accelerating and breaking amplitudes are bounded. This feature is 
major to describe a vehicle in a transient state. (Equations 5-6) 
x Anticipation abilities are not taken into account in the sense of reacting to a further leader, and the model’s main 
parameter is the headway to the direct leader. 
 
We can write the following equations: 
 
 
 
 
With: 
The bound for acceleration 
 The bound for deceleration  
 The reaction time 
 The desired acceleration for ith driver at time , 
The real acceleration for ith driver at time , 
 The length for ith vehicle,  
 The net headway for ith vehicle at time t, 
 The time derivative headway for ith vehicle at time ,  
 The velocity for ith vehicle at time . 
 Constants to be calibrated 
 
450  Thomas Monamy et al. / Procedia Social and Behavioral Sciences 20 (2011) 445–454
4.2. Design of the Optimal Velocity Function 
To determine the Optimal Velocity Function, one can enounce a few principles: 
 
x Security feeling occurs when the driver feels he can stop its vehicle at any time without crashing. As it is difficult 
to imagine what can happen on a road, let’s consider drivers like to have their stop distance available in front of 
them while driving at equilibrium. The point is to provide a function that gives the maximum speed sustainable 
for given traffic conditions. The standard rule about following a vehicle on a freeway is to let a 2 seconds 
interval, and so the maximal equilibrium interval is to be a 2 seconds interval. 
x Very small velocities cannot be considered as equilibrium or targeted velocities (<3m/s). One can evocate a 
notion of driving agreement to justify this. One also simply observes that vehicles do not start simultaneously 
when a traffic light triggers, and so the equilibrium traffic for very close vehicles is totally jammed. Reciprocally, 
the targeted speed is considered to be zero when the net headway is very small (<2m). Another observation is that 
the maximum concentration on a freeway is considered to be ~150vehicles/km, which gives headways of 1.7 
meters for 5 meters long vehicles. This is the point in having a discontinuity in the function.  
x The function is slightly concave for because of the square dependence for breaking distances 
respectively to velocity.  
x One does not want to drive faster than speed limit in a steady state, 25m/s here. 
 
It gives the following function for a given speed limit at 25m/s: 
 
Figure 4 Optimal Velocity Function for a 25m/s speed limit 
 
 
 
5. Simulations Results 
The considered stretch of the hypothetical site is depicted in figure 5. This stretch includes one motorway axis of 
1.5 km length and one on-ramp located at 1 km from the motorway main lane. 
The demands at both origins are generated by a Poisson process. The minimal interval between 2 consecutive 
vehicle arrivals on the same lane is equal to 1.2 seconds. To randomize the arrival, one adds to this interval another 
interval determined by a Poisson process, whose parameter is 1.1 for the main lane, and 0.3 for the on-ramp. This 
gives a mean interval of 2.1 seconds for the main lane and a mean interval of 4.5 seconds for the on-ramp, between 
two consecutive vehicles.  
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Figure 5 Illustration of the considered road portion 
The adopted insertion rule is quite simple and based on mutual cooperation. When drivers on the on-ramp reach 
950m, the two lanes are considered parallel and drivers can see each other. Based on this observation every driver 
on the on-ramp detects its future leader and then adjusts its velocity as if he was really following it. Between 1000m 
and 1200m, vehicles can change of lane, if the distance criteria are satisfied, at least 3 meters ahead and 3 meters 
behind. If a driver reaches 1200m on the on-ramp, then the lane-change is forced. Trajectories appearing between 
1000 and 1200m represent lane-changed vehicles.  
The model is not calibrated, and so first simulation was computed with default parameters. The point is to watch 
the impact of the parameters on congestion appearances and capacity drop. This simulation concerns 180 vehicles, 
120 on the main road, 60 on the on-ramp. The simulation step is 0.1 second.  
Table 1 presents sets of parameters that are chosen for the tested scenarios. 
Table 1 Parameters sets chosen for the simulated scenarios (SI units) 
 
As a consequence of the weakness of the insertion rule, one notices that vehicles coming from the on-ramp have 
difficulties to insert. Paradoxally, the mutual cooperation rule is the cause of these difficulties, because the first 
vehicle to brake induces breaking for its virtual follower on the other lane and then the propagation of this 
slowdown, as overtaking is not allowed on this simulation. Nevertheless, it remains quite realistic because it 
preserves the priority of the main lane compared to the on-ramp. We did not consider using a probabilistic lane-
changing model, like Laval (2007), for the simple reason that there is no choice to be made the insertion is 
obligatory and the safety in the criteria.   
Trajectories are the main result of simulations because of their microscopic nature. But indeed road exploitation 
is mainly based on the interpretation of flux-density diagrams, and so it is probably more pertinent to examine the 
results of the model through this angle. Loop detectors data are aggregated from the trajectories data, with a 10 
seconds interval. The loop is placed between 970 and 971.5 meters on both lanes. Results are presented on the 
following occupation rate-vehicles flow diagrams . Flow is given in vehicles/hour on both lanes.  
 
 
 
  Simulation 1 Simulation 2 Simulation 3 Simulation 4 Simulation 5 Simulation 6 Simulation 7 Simulation 8 
Amax 2,5 2,5 2,5 5 1,5 2,5 2,5 2,5 
Bmax -10 -10 -10 -10 -10 -10 -10 -10 
hmin 2 2 2 2 2 4 2 2 
Tr 0.3 0.5 0.2 0.3 0.3 0.3 0.3 0.3 
Y 3 3 3 3 3 3 3 1 
Z 3 3 3 3 3 3 1 3 
   
1-lane circulation, drivers ignore what 
happens on the other lane and follow 
their leaders 
Pre-insertion, adaption 
of drivers over the 2 
lanes 
Insertion zone, 
lane changing is 
allowed 
I=1,2+PP(1,1) 
I=1,2+PP(0,3) 
Main lane 
On-ramp 
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Figure 6 Example of trajectories produced by the model, simulation 2, x-axis is time in 1/10s, y-axis is the position in meters 
Scenarios 1, 2, and 3 were run to analyze the reaction time impact. The values taken for the reaction time are not 
the values usually found on the literature that are closer to 1 second. There are 2 main reasons: First of all one only 
considers the time between the perception and the driver’s foot movement on the pedal, and then there is still no 
anticipation on multiple leaders on this model whereas it happens in reality, so the chosen values are quite small 
(Orosz et al., 2010). One notes that the more the time reaction is long, the more high-flow traffic states are difficult 
to obtain. As the reaction time is quite small compared to the delay of response for the motion of a vehicle in 
acceleration, it is quite interesting to see that it has a large negative influence on traffic states. 
Scenarios  4 and 5 were run to take a look at the impact of bounded acceleration value. The unbounded 
acceleration was one of the main problems in the old LWR model, and more generally in too many models. The 
point is that a vehicle cannot produce the same behavior while breaking or while accelerating, it is just not 
physically possible. The results are pretty visual. On scenario 2 one gets a classical diagram with 2 distinct phases, 
whereas with the same in-flows, traffic remains free on scenario 4, and is almost always congested on scenario 5. 
This is consistent with Laval (2006) for whom the ultimate cause for capacity drop is the limited ability of lane 
changers to accelerate. 
Scenario 6 was run to get an idea about the impact of the equilibrium headway into a jam. Interesting results are 
observed, the congested phase is much longer for a higher . This property is interesting because this is a very 
small portion of the OVF function, which has no effect on the free flow traffic, but has a huge impact while the 
traffic is congested. This is quite intuitive because it only concerns cases where the headway is pretty small. If 
macroscopic data show that  is probably a good value, it could be very interesting to consider a 
situation where a given percentage of the drivers react with  to check the impact on congestion and 
capacity. 
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ario 1 Scenario 2 
 
Scenario 3 
 
Scenario 4 
 
Scenario 5 
 
Scenario 6 
 
Scenario 7 
 
Scenario 8 
Figure 7 Flow-Occupancy rate diagrams for the different scenarios 
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One can also notice that if graphics seem to produce hysteresis loops, it is because of the vehicles coming from 
the on-ramp that insert once all the vehicles of the main lane are passed, and so the concentration is falling and 
traffic can be back to a free phase.  
6. Conclusions and perspectives 
The model presented here is a quite simple model, with reasonable assumptions, and can obviously be improved. 
However, despites it was not calibrated yet, it gave good results in terms of maximal flow and shockwave speed (not 
exhibited in this paper). This study provides precious pieces of information for a future sharp modeling of the 
capacity drop phenomenon.  
The bounded acceleration, the reaction time, and the minimal equilibrium headway seem to be major factors in 
the capacity reduction once the maximal flow has been reached. Further investigations would certainly consist into 
extending the model to more traffic lanes, and into diversifying the vehicles properties according to the current 
results to experiment on the relations between heterogeneous traffic and capacity drop. An improved insertion model 
and a sharp lane changing model would certainly be the next steps.  
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